We present the discovery of a relationship between the maximum ratio of the flare flux (namely, 0.5-4Å to the 1-8Å flux) and non-flare background (namely, the 1-8Å background flux), which clearly separates flares into classes by peak flux level. We established this relationship based on an analysis of the Geostationary Operational Environmental Satellites (GOES) X-ray observations of ∼ 50,000 X, M, C, and B flares derived from the NOAA/SWPC flares catalog. Employing a combination of machine learning techniques (K-nearest neighbors and nearest-centroid algorithms) we show a separation of the observed parameters for the different peak flaring energies. This analysis is validated by successfully predicting the flare classes for 100% of the X-class flares, 76% of the Mclass flares, 80% of the C-class flares and 81% of the B-class flares for solar cycle 24, based on the training of the parametric extracts for solar flares in cycles 22-23.
Introduction
Solar flares release intense amounts of energy into the interplanetary medium. A statistical concept of how this energy is released is through an avalanche model [Lu and Hamilton, 1991; Lu et al., 1993; Lu, 1995] . According to common concensus, the creation of a solar flare begins with magnetohydrodynamic instabilities that release energy stored in the local magnetic field lines through an untwisting of the field lines. Conservation of magnetic energy leads to instabilities in nearby regions through an avalanche process that accelerates energetic particles along the large-scale magnetic field lines. Soft X-rays in the solar corona, which are the topic of the presented analysis, are emitted from the associated magnetic loops, which are, in turn, connected to the active region surface magnetic fields, as seen in the photosphere. In this model, all flares are the result of the same physical processes and the ultimate strength of the flare is related to the cascaded number of reconnection events creating the flare.
While the basic mechanism of solar flares is believed to be understood, the detailed physical processes are still too complex to be modeled in a deterministic way for predictions of when a flare will occur. This is a challenge, since the space weather effects of the energy release can lead to diverse problems to human technology such as satellite damage or inoperability, ionospheric communication interference, and power grid failures. Therefore, understanding the solar conditions (e.g., magnetic activity, coronal temperature) that precede and lead to solar flares is of vital importance to enhance current predictions of space weather phenomena.
Current solar flare prediction models rely upon empirical observations, with many predictions based on tracking the properties of solar active regions (e.g., Gallagher et al. 2002; Barnes et al. 2007; Falconer et al. 2011; Ahmed et al. 2013; Balasubramaniam 2013) . Since the magnetic active regions are the source of the magnetic energy released in the flare, this approach is well-justified. However, other observable properties may also provide a diagnostic for the underlying physical conditions in the solar corona leading to flares. In particular, we present evidence for two easily observable soft X-ray measurements that diagnose the nonflare magnetic energy and coronal temperature (in Section 2). The parameter-space of these observables distinguishes properties of solar flares of different classes, as described in Section 3. Machine learning techniques are used to build classification models applied to historical flares in Section 4. Finally, the results from the statistical soft X-ray analysis of solar flares are discussed in Section 5.
X-ray Flare Data
We analyzed the historical X-ray data from NOAA's GOES X-Ray Sensor (XRS). The GOES observations include X-ray flux measurements averaged over every 1 minute observed in both a short-wavelength and long-wavelength Xray band (short: 0.5-4Å and long: 1-8Å) from 1986 -2014. The NOAA flare lists include nearly 50,000 X-ray flares in this timespan which covers solar cycles 22-24. The flare classifications fall into the following classes based on the peak flux level: X (> 10 −4 W m −2 ), M (> 10 −5 W m −2 ), C (> 10 −6 W m −2 ), and B (> 10 −7 W m −2 ). Figure 1 shows the distribution of the flares of each type by year. The majority of the stronger flares occur close to solar maximum, indicated in the plots by the maxima in sunspot number (obtained from the Solar Influences Data Analysis Center in Belgium).
The NOAA flare lists include the start, peak, and end time of the flares along with the flare location, if known, and X-ray class. For our analysis, we use the start and peak time along with the flare class. The start of a flare is defined as when four consecutive one-minute 1-8Å flux measurements meet all of the following conditions: (1) All four values > 10 −7 W m −2 , (2) each consecutive measurement has a higher flux than the previous measurement, and (3) the last value is > 1.4× the measurement from three minutes earlier.
Using the downloaded XRS data in both the short and long bands, we measured the long X-ray background flux (B) and the ratio of the short to long bands:
A full description of our method to determine B is included in Winter and Balasubramaniam [2014] , where we show that the long X-ray background, but not the short X-ray background, varies along with the solar cycle for solar cycles 22-24. This soft X-ray background variation was also observed for solar cycle 21 by Wagner [1988] and Aschwanden [1994] . The background is measured as the minimum 1-8Å flux in the preceding 24 hours for each 1-minute XRS measurement, following the procedure of Hock et al. [2013] . This background measurement is similar to the X b10 index, used in operational forecasting as an integrated irradiance proxy by Tobiska and Bouwer [2006] . The ratio R is computed from the start time of each flare until the peak, using the dates from the NOAA flare lists. In a small number of cases, ∼ 2% of the total flares, inaccuracies in the flare list show a start time that occurs after the peak time. These cases were not considered in the final analysis. The maximum R value, Rmax, was next computed for each flare. Figure 2 shows an example of the X-ray flux, X-ray background level, and R for a flare. In computing Rmax, we required that more than one R measurement must exist and that both the short and long X-ray flux > 10 −9 W m −2 . These criteria excluded 22% of the total flares from further analyses with the Rmax parameter, including near-instantaneous flares with short (∼ 1 minute) rise times. Table 1 includes the average statistics for each flare class. These statistics include the total number of flares, time between Rmax and 1-8Å peak flux (where measurements were possible following the criteria from the previous paragraph), peak flux, background flux in the short and long band, and Rmax. Since the ratio R is related to coronal temperature (see, e.g., Thomas et al. 1985; Garcia 1994; Feldman et al. 1996; White et al. 2005; Ryan et al. 2012) , the Rmax value is related to the maximum temperature occurring during the flare, where:
An are coefficients found in Table 2 of White et al. [2005] . We note that this direct assumption is a simplification based on an isothermal flare. As discussed in White et al. [2005] , more extensive investigations of the multi-thermal flare properties are not possible with the two flux measurements provided with the GOES XRS but the ratio is still a useful tool in studying the overall energetics of the flares. We find that the maximum ratio is significantly higher for the strongest flares (e.g., 0.33 for X flares and 0.05 for B flares). As shown in the table, this maximum temperature, on average, occurs before the peak in the 1-8Å flux, in part due to the fact that the 0.5-4Å flux peaks ahead of the 1-8Å flux by up to 20 minutes. The rise time from flare onset to Rmax is longer for X and M flares than C and B flares, consistent with statistical results presented by e.g., Veronig et al. [2002] . We find that the average long-wavelength background flux is higher for the stronger flares (X and M) than the weaker flares (C and B) . This is also shown in Figure 3 , with contour plots of the multivariate density estimates for the peak flux and background flux. The density estimates are created with the kernel density method, using gaussian filters, through the scientific Python (scipy) gaussian kde function [Scott, 2009] . A linear correlation is found between the peak flux and background in the long-wavelength band with log B = (1.03 ± 0.01) × log F peak,1−8Å + (0.86 ± 0.04) (3) and a correlation coefficient R 2 = 0.45. This is particularly evident in the full sample of flares, whose statistics are dominated by the more numerous B-and C-class flares (shown in green). However, the trend does not exist when examining the distribution of M-and X-class flares alone (shown in red, R 2 = 0.07). At high peak flux levels, there is no difference between the background levels (this is discussed again in the following section). Similarly, we computed density plots for the short-wavelength peak and background. Given the issue of the 0.5-4Å background being close to or below the instrumental limit, we chose to examine flares occurring from 1999-2006, a time period with higher measured backgrounds that includes the rise through fall phases of solar cycle 23 solar maximum. No correlation exists between peak flux and background in the short-wavelength band (R 2 < 0.01). This further illustrates that the background in the longwavelength band and not the short-wavelength band is an appropriate observational parameter that is tied to the peak flare flux.
Separation into Solar Flare Classes
With the extensive database of X-ray flare properties, we investigated whether measurements based on the 1-min GOES XRS observations showed properties useful for predicting the X-ray class. Specifically, in order to build a classification model based on the properties of past flare events, we identified properties that lend themselves to the use of classification techniques by showing a separation between different flare classes in their parameter space. The 1-8Å non-flare background and the Rmax parameters yielded such a separation, shown in Figure 4 . For each of the flare classes, the contours represent the parameter space of the diagram including 50%, 68% (the 1-sigma contour level), and 85% of the flares in the given class. The X-class flares occupy the right corner of the diagram, indicating high background flux and high Rmax. The M-class flares share a similar range of background flux, but with lower Rmax than the X-class flares. This is also evident in Table 1 , where the average and standard deviation in B is consistent between X and M flares while the average Rmax is significantly higher for the X-class. Similarly, C-class flares share the range of backgrounds with X-and M-class flares, but have lower Rmax values. However, the B-class flares have significantly lower measurements of the background flux, with a similar range of Rmax to the C-class flares. Due to the upper flux limit of B-class flares (< 10 −6 W m −2 ), they can not be observed when the background is high.
To further test the apparent difference in the B and Rmax parameters of different flare classes, we computed Kolmogorov-Smirnov statistics [Kolmogorov , 1933; Smirnov , 1948] . The Kolmogorov-Smirnov two sample test determines the probability of two samples being drawn from the same distribution. To do this, the cumulative distribution of each sample is computed and the maximum distance between the two chosen distributions is determined as the Kolmogorov-Smirnov (KS) statistic. When the KS statistic is small and the two-tailed p-value approaches 1, the null hypothesis of both samples being drawn from the same distribution can not be rejected. The two sample KS test was run using the scipy ks 2samp function [Oliphant, 2007] . The test was run on all combinations of two flare classes (e.g., sample 1 as X-class flares and sample 2 as M-class flares) for each of the parameters B and Rmax. Results are given in Table 2 , including the KS statistic and the two-tailed pvalue. These statistics show that the long X-ray background is consistent with being drawn from the same population for X-and M-class flares. To a lesser degree, the KS statistic is low (∼ 0.3) for comparisons between the distribution of background flux of X-and M-class flares with C-class flares, but the low p-values (< 0.001) indicate that these distributions are distinct. Additional comparisons between the distributions of B and Rmax for the flare classes result in high KS statistics (from 0.395 − 0.985) and low p-values (< 0.001). This suggests that the distributions of values in the B-Rmax parameter space are distinct. This is also evident in Figure 4 , where we show that the majority of flares of each class (e.g., the 1-sigma or 68% contour level) occupy a distinct parameter space.
This separation into flare classes hints at differences in the physical conditions of the solar corona. The long X-ray background, B, is the non-flare flux level associated with active regions. It can be construed as a proxy for the magnetic energy of the corona. The Rmax measurement is associated with coronal temperature, as well as radiative losses and emission measure (see, e.g., Thomas et al. 1985; Garcia 1994; Feldman et al. 1996; White et al. 2005; Ryan et al. 2012) . A possible explanation for the separation of flare classes in the B-Rmax is that the built-up energy of the regions that produce the flares (measured by B) is directly related to the amount of energy released in the flare (measured by Rmax). Since the background measurement is an average over the entire Sun and not just the flare site, we expect that a more careful analysis where B is replaced by a measurement of the energy/flux of the flare site alone would reveal a tighter correlation with Rmax. This, however, is a more difficult measurement to make for a real-time forecast situation.
Machine Learning Classification
To quantify the separation into flare classes shown in the B-Rmax parameter space, we used machine learning classification techniques. Specifically, we used the K-nearest neighbors and nearest centroid algorithms from the Python machine learning library, scikit-learn [Pedregosa et al., 2011] . These classifiers build predictions using input data from a training set of data with known classes. Our training set included X-ray flares from solar cycles 22-24. The input parameters were the X-ray background and the maximum ratio of short to hard X-ray flux (Rmax), with the classes labeled as X, M, C, B. The classifier algorithms then use the training set to predict what the class of a new flare event will be. In § 4.1, the machine learning classification techniques are described. The machine learning algorithms applied to the input data create what is termed a model, which is a statistical model based on training data that is used to make predictions for new data sets. Results of our analysis applying our statistical models are included in § 4.2.
Statistical Model Descriptions
For the K-nearest neighbor classifier, the parameter space of the logarithm of X-ray background vs. the logarithm of Rmax is broken up into a grid. Along each point in the grid, the number of data points of each possible class in the k nearest neighboring points are counted, where k is a user-defined integer. Whichever class corresponds to the most neighboring data points is adopted in the model as the likely class of any new flares with the same values of the X-ray background and Rmax at that grid point. For our analysis, the grid size was 0.01 and the k neighboring points used was 5. As an example of computing a classification for one grid point, we consider the point where log Rmax = −0.8 and log of the X-ray background = −8. Figure 4 shows that the 5 nearest data points to the selected point include 4 B-class flares and 1 C-class flare. Therefore, an unknown flare at the selected point would be classified as a B-class flare.
Alternatively, the nearest centroid algorithm uses the distance from the centroid of the distribution of points in each class of the training set for predictions. For example, we consider the classification of a point based on the distance from the centroid of the X-class flares (log Rmax = −0.48 and log X-ray background = −5.92) and M-class flares (log Rmax = −0.72 and log X-ray background = −5.92). To classify an unknown flare with log Rmax = −0.5 and log X-ray background = −5.9, we calculate the Euclidean distance of the point to the centroid of each of the classes. The selected point is a distance of (−0.5 − −0.48) 2 + (−5.9 − −5.92) 2 = 0.03 from the Xclass centroid and, similarly computed, 0.22 from the Mclass centroid. Since it is closer to the X-class centroid, the selected point is classified as an X-class flare.
Since the K-nearest neighbor approach weights according to the number of points along the grid, it is more accurate for classifying C-and B-class flares, which include 4-100× more flares than the M-and X-class flares. Meanwhile, since it is based solely on the distance from the centroid of the parameters for a given class, the nearest centroid method does a better job at classifying the X-class flares. Using these machine learning methods, classification models were built with the B and Rmax measurements from flares from solar cycles 22-24. Since there are relatively few, less than 300, X-class flares in the entire sample spanning nearly three decades, the advantage of using the cycle 22-24 data as a training set is that the resultant model will include as many X-class flares as possible. These statistical models built with the full flare dataset are shown in Figure 5 .
To create statistical models that do not include the training set data, but still include a larger number of X-class flares, we also built models using only the flare parameters from solar cycles 22 and 23. These models were then used to predict the solar cycle 24 flare classifications. A concern with using this approach is whether the flare behavior during the much weaker solar cycle 24 is different from the flares in cycles 22 and 23 that were used to create the model. To test whether there are differences in flare rate between the solar cycles, we determined the occurrence frequency rate as a function of 1-8Å peak flux during the rise to solar maximum and solar maximum phases for each of the solar cycles. The occurrence frequency distributions were fit with a power-law of the form N(F1−8Ang) = N1 × (F1−8Ang) −α+1 , where N is the occurrence frequency (flares rate/day), F1−8Ang is the logarithm of flare peak flux (W m −2 ), and the fit parameters include the normalization factor, N1, and the power-law index, α. We utilize the Levenberg-Marquardt least-squares minimization technique [Levenberg, 1944; Marquardt, 1963] to determine the best-fit function parameters, fitting the occurrence rate where peak flux > 10 −6 W m −2 . We omit the B-class flares from these fits since the low end of the power-law distribution is near the GOES detection threshold. Goodness of fit is assessed with the χ 2 statistic, defined as χ 2 = Σ(data − model) 2 /std 2 , where the data are the frequency distribution values (N), the model is the power-law fit, and std is the standard deviation for each of the measurements of N. Good fits are those where χ 2 /dof are close to unity, where dof are the degrees of freedom or number of data points -number of free parameters that are fit.
Using the solar X-ray background analysis from Winter and Balasubramaniam [2014] , the rise phases are defined as occurring from 08/1986 -08/1988 2011 -12/2014 (solar cycle 24, noting that this is an incomplete solar maximum phase including flares up until the end of the period examined in the paper). Plots of the frequency occurrence rates are included in Figure 6 and the best-fit parameters are in Table 3 . Aschwanden [2011] includes power-law estimates from past analyses of frequency distributions of X-ray flares, which find α to range from 1.58 -2.0. They find that the slopes change throughout the solar cycle, with flatter slopes during solar maximum. Our rates are consistent with these values. Additionally, as in Aschwanden [2011] , we find power-law slopes are similar during the same phase (e.g., solar maximum), but have different normalizations. Therefore, we conclude that the power-law slope of the frequency rates for flares are consistent between solar cycles and as a result we can effectively utilize the solar cycle 24 flares as an appropriate test set for classification models built with the solar cycle 22-23 flare parameters. Table 4 Additional skill scores were computed to better quantify the results, shown in Table 5 . These skill scores include the probability of detection (POD), false alarm rate (FAR), Heidke skill score (HSS; see Heidke 1926) , and true skill score (TSS; defined in Hanssen and Kuipers 1965). For each flare class, the following values were computed: the true classifications (TC), false null classifications (FN; number of flares in the class incorrectly predicted not to be in the flare class), false classifications (FC; number of flares not in the class incorrectly predicted to be in the flare class), and the true null classifications (TN; number of flares not in the flare class and correctly predicted not to be in the flare class). These definitions are similar to those defined in forecasting solar energetic particle events and solar flares (recent examples include Laurenza et al. 2009 and Bloomfield et al. 2012) . Using these definitions:
Results

POD = TC/(TC + FN), FAR = FC/(TC + FC), HSS = 2×[(TC×TN)−(FN×FC)] (TC+FN)(FN+TN)+(TC+FC)(FC+TN)
, and TSS =
The POD values indicate that, as shown with the PC statistic, the nearest centroid model correctly predicts the X-and M-class flares better than the K-nearest neighbor model. However, the FAR shows that the K-nearest neighbor model makes fewer false predictions of a flare incorrectly being classified in the X-or M-class. For the X-class flares, for instance, even though all of the X-class flares are correctly classified, the FAR is high with the nearest centroid model since there are 567 non-X-class flares incorrectly classified as being in the X-class. From a forecast stand point, this argues that both a combination of the K-nearest neighbor predictions, which have low FAR, and the nearest neighbor predictions, which have high POD, would be necessary for making solar flare predictions. For the C-and B-class flares, the combination of low FAR and high POD for the K-nearest neighbor model proves it to be the superior model for predicting lower flux flares.
The final statistics, HSS and TSS, are commonly used skill scores with an advantage over the PC, POD, and FAR statistic in that they incorporate all of the parameters TC, FN, FC, and TN. By using all combinations, HSS takes into account the expected number of correct identifications due to chance. An advantage of TSS over HSS, as pointed out in Bloomfield et al. [2012] , is that the TSS does not change depending on the number of flares in the sample size. The results of the TSS show the nearest centroid model as the best performer for the X-class flares, while the K-nearest neighbor is better for the weaker flares. The HSS roughly agree with TSS, with the exception of the X-and M-class flares in the nearest centroid model. The lower values of HSS are likely due to the smaller number of flares in these categories compared to the number of false predictions (for instance, there are 196 X-class flares, but 567 non-X-class flares were incorrectly predicted as X-class).
Discussion
Many of the previous studies of the properties of solar flares rely upon detailed analyses of a single or small group of flares. However, statistical analyses of large samples of flares offer new insights into the physical properties associated with these events. For instance, studies of the GOES Xray light curves by Aschwanden and Freeland [2012] tested a theoretical model (fractal-diffusive self-organized criticality) for flare generation, finding that nano flares are not likely to play a major role in flare heating, and Ryan et al. [2012] built upon previous studies to refine peak temperature and emission measure statistics. In this paper, we present a new way to separate solar flares into the NOAA flare classes based on a statistical analysis of the GOES X-ray observations of the ∼ 50,000 flares occurring from 1986 -mid-2014.
These flare classification predictions are based upon observed X-ray properties -the 24-hour non-flare X-ray background in the 1-8Å band and the maximum ratio of the short to long band flux during the flare. These parameters reveal a separation between the X-, M-, C-, and B-class flares. The separation was quantified and verified through machine-learning algorithms and skill score statistics, applied to the solar flare parameters from solar cycles 22-24.
The Rmax parameter is related to the maximum temperature of the flare. Using the relations and constants from White et al. [2005] , we find that the maximum temperatures of flares range from ∼ 16 -49 MK (X-class), 6 -15 MK (Mclass), 4 -6 MK (C-class), and ∼ 4 -11 MK (B-class). These results are consistent with recent analyses, e.g., peak temperature from GOES presented in Ryan et al. [2012] . The maximum temperature is reached from a few minutes before to up to 25 minutes after the start of the flare. The stronger the flare, the more potential warning time we may have to predict the peak. For example average Rmax for Xflares occurs 6.7 minutes before the peak while the time for C and B class flares is much shorter at ∼ 3 minutes. One potential challenge to applying this technique for real-time flare forecasting is that the predictions are made after the maximum is reached. With XRS observations of 1 minute resolution, as used in the current analysis, the short warning time is significantly decreased. In this case, however, the predictions are still useful in determining that the flare will be entering the declining phase. Also, NOAA SWPC currently provides finer time resolution XRS archival observations of a few seconds cadence. Accessing these data in real-time would greatly enhance the warning time available from our technique.
While the maximum temperature is an indicator, like the peak flux of the flare, of the energy release, the non-flare background is less straightforward to interpret. This parameter is the integrated X-ray flux of the Earth-facing Sun, during the lowest flux period in 24-hours preceding the flare. Integrated X-ray flux is dominated by active regions (e.g., Acton 1996 showed that more than 50% of the coronal luminosity is associated with 2% of the solar surface). The non-flare background is therefore a measure of the active regions, or areas of enhanced coronal heating. In past studies of X-ray imaging from SOHO and Yohkoh and full-disk magnetograms, Fisher et al. [1998] showed that X-ray luminosity is highly correlated with the active region's unsigned magnetic flux, with LX ∼ Φ 1.19 tot . Tan et al. [2007] confirmed this in a study of 160 active regions and also found a strong correlation with the magnetic energy dissipation (also found earlier by Abramenko et al. 2006) , which they claim could be showing the importance of photospheric turbulent motions to heating of the corona above active regions. Therefore, the X-ray non-flare background flux is an indicator of the average magnetic energy of the active regions as well as the turbulent energy of the photosphere below these active regions. The phase-separation between strong flares and weak flares is guided by the magnetic energy available to produce flares. Higher turbulence or stored magnetic energy leads to more energy release in the flare, measured by the maximum flare temperature.
Since the non-flare background is measured in the 24 hours preceding the flare, it can be used for flare predictions in advance of the flare. One way the background can be used in real-time forecasting is as a threshold for predicting when strong flares may or may not occur. This is possible due to the large separation in the range of background values of strong flares (M and X class) versus the weakest flares (B class). From analysis of the distributions of the background for the different flare classes, we find that at the -2σ level (the 2.28th percentile) for M and X class flares the background is 1.6 × 10 −7 W m −2 . Therefore, there is a low probability of a background flux below this level being associated with an X or M class flare. For C, M, and X class flares, the -2σ level is 1.07 × 10 −7 W m −2 , meaning anything lower than this background flux is unlikely to be associated with a strong flare.
Based on these X-ray background results, during solar minimum when the background flux is low we expect no Xor M-class flares. For instance, the results from Figure 1 of Winter and Balasubramaniam [2014] show that solar cycle 24 had average 2-week X-ray background measurements below 1.07 × 10 −7 W m −2 for the first two years of the cycle. This means only B-class flares would have been expected in these years (2009) (2010) (2011) . From Figure 1 , it is clear that relatively few strong flares had occurred during this time. During these two years, the NOAA list records 816 flares, including no X-class flares, 13 M-class flares (1.6% of flares), 103 C-class flares (12.6% of flares), and 700 B-class flares (85.8% of flares). Since this is a rough estimate of the background based on 2-week averages, we expect that the background occasionally rose above this low threshold, accounting for the small number of M-class flares observed during the last solar minimum. These flare rates during the beginning of solar cycle 24 are similar to those in the first two years of solar cycles 22 and 23 for X-and M-class flares, but, likely due to the higher backgrounds in cycles 22 and 23, there are more C-class and fewer B-class flares in cycles 22 and 23. For comparison, the beginning of solar cycle 22 had 1460 flares (2 X-class, 41 M-class, 410 C-class, and 1007 B-class flares from 1986-1988) and solar cycle 23 had 914 flares (4 X-class, 18 M-class, 262 C-class, and 630 B-class flares from 1996-1998).
Additional investigation into the relationship between temperature and non-flare X-ray background will lead to refinement of our flare predictions. Future work will investigate how the separation is affected by choice of the non-flare background. For instance, for forecasting purposes the goal is to have a longer lead time before the flare occurs. Different binning periods for non-flare background can be tested to determine how much lead time is possible while still preserving the phase-separation between weak and strong flares. We will also look into increasing the warning time for flare class predictions, by determining whether other observables help us determine what the Rmax/peak value will be further in advance. One such possible path is through determining characteristic flare shapes for the rise time, which can be used at the start of the flare to predict when the maximum will occur. Figure 3 . Kernel density estimates showing the twodimensional probability distribution of peak flux and background flux in both the long-wavelength (top) and short-wavelength (bottom) X-ray bands. The green contours show the density distributions for all flares, which are dominated by the more numerous C-and B-class flares, while the red contours show the density distributions for X-and M-class flares. There is no correlation between short-wavelength peak flux and background, while there is a positive correlation in the relationship between long-wavelength peak flux and background (R 2 = 0.45, see § 2 for details). Results from classification models built with the solar cycle 22 and 23 flare parameters for the Knearest neighbor (left) and nearest centroid (right) algorithms, applied to the solar cycle 24 data (points, colorcoded as in Figure 4 ). The background shading indicates the model predicted class (color-coded as in Figure 5 ). The K-nearest neighbor algorithm correctly classifies 83% of the flares. However, the nearest centroid algorithm classifies the highest peak flux flares (X) with 100% accuracy compared to the 74% accuracy from the K-nearest neighbor model. X 290 6.7 ± 13.2 2400 ± 1700 1.9 ± 2.1 1.2 ± 0.7 0.33 ± 0.08 M 3742 4.8 ± 9.9 240 ± 180 1.6 ± 1.7 1.2 ± 0.7 0.18 ± 0.06 C 28803 3.0 ± 7.0 31 ± 20 0.8 ± 1.0 0.8 ± 0.5 0.08 ± 0.04 B 15751 2.7 ± 6.3 4.9 ± 2.6 0.2 ± 0.2 0.2 ± 0.1 0.05 ± 0.15 The statistics include number of flares (N), average and standard deviation of the time between the 1-8Å Peak and Rmax (< T (P − Rmax) >), average and standard deviation of the peak flux (< P 0.695 0.000 0.395 0.000 The K-S statistic (KS) and probability value (p) are listed for tests on the distributions of the long X-ray background and Rmax for all combinations of comparisons of two X-ray flare classes. Occurrence frequency distribution for the rise phase (Rise, from the beginning of the solar cycle towards maximum) and during solar maximum (Maximum) were fit with a power-law model (see § 4.1 for details). The best-fit value and errors are shown for the normalization factor (N1, the normalization factor for the logarithm of the 1-8Å peak flux in W m −2 ) and the power-law index (α). The goodness of fit is assessed with the reduced χ 2 statistic (χ 2 divided by the degrees of freedom, dof). 
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N KNN P C NC P C N KNN P C NC P C N KNN P C NC P C 76.0 Models were built using the K-nearest neighbor (KNN) and nearest centroid (NC) methods, using the solar cycle 22-24 flare parameters. The number of flares in each category (N), along with the percent of correct classifications are shown for the model built and applied to the flare data (e.g., KNN P C is the percent correct for the KNN model). The solar cycles used to build each of the models are listed in the row labeled Model and the listed statistics are for testing the model on the solar cycles listed in the row labeled Test Set. 
